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Abstract—In this work, a ten year gas production records,
obtained from Rodgers ratio codes for gas concentration of H2,
CH4, C2H6, C2H4 and C2H2, in a 795 MVA 20/400 kV rated
power transformer are used in MLP for improving the diagnosis
accuracy of incipient faults (partial discharge, thermal faults,
low and high energy discharges, etc...). Numerical modelling
of DGA-sourced data was achieved using MATLAB platform.
Performance validation for the neural network was assessed
in terms of the regression fit (R), the MSE and the MAPE.
Results show 2.51 % as optimal value of MAPE which indicate
a reasonable accuracy of ANN technique in the prediction of
incipient faults.
Index Terms—component, formatting, style, styling, insert
I. INTRODUCTION
Power transformers are continuously subjected to thermal
and electrical stresses in the course of their normal operation.
This may cause the insulation (mineral oil) to deteriorate
and eventually fail [1], [2]. Deteriorated insulation in power
transformers poses considerable threats to the life of these
electrical equipment, and thus to the reliability of power
networks there are servicing [2], [3]. Condition monitoring and
evaluation of transformer’s mineral oil is highly recommended
for early identification and prevention of incipient faults [4],
which could lead to major damages resulting in prolonged
downtime, loss of production and revenue for both the supply
authority and consumers. For many years, dissolved gases
in the mineral oil have been relied upon for the diagnosis
of incipient faults [5], [6]. Therefore, online dissolved gas
analysis (DGA) techniques reveal key information related
to the health status of power transformers. Dissolved gases,
resulting from the decomposition of the transformer mineral
oil under thermal stress, may reach saturation point and cease
to dissolve. Undissolved gases decrease the dielectric strength
of the mineral oil insulation and enhance the probability of
major fault occurrences and/or explosion [7]- [11]. The most
commonly generated gases measured in parts per million
(ppm) consist of the following: hydrogen (H2), methane
(CH4), ethane (C2H6), ethylene (C2H4), acetylene (C2H2)
and carbon monoxide (CO) [12].
Various interpretation techniques or methods are usually ap-
plied to assess the relationship between gas concentration
and fault conditions: the total dissolved combustible gases
(TDCG), the Rodgers Ratio, the IEC 60599 and the Duval
Triangle method. However, these techniques are prone to
misinterpretation of data and therefore to misdiagnosis. In this
work, multi layer perceptron (MLP) class of neural networks
is applied to reduce the probability of erroneous interpretation
of fault condition. The results obtained show high accuracy
which is indicated by the mean absolute percentage error of
2.51%.
II. A REVIEW OF DISSOLVED GAS ANALYSIS
TECHNIQUES
Among the techniques used for the detection of incipient
faults, the following are commonly reported [13]:
A. Total Dissolved Combustible Gases (TDCG)
This method is mainly reliant on the concentration levels
of key gas samples, such as produced in the insulating oil
at various temperatures, in order to detect incipient faults.
Therefore, hydrogen and methane are indicative of partial dis-
charges (PD), ethane and ethylene suggest problems resulting
from bad connections (tap-changer). High concentration levels
of acetylene and hydrogen are associated to overheating and
arcing. This technique is useful when no historical data of the
transformer oil is available [12], [13]. The TDCG is defined
as the total sum of combustible gases:
TDCG = H2 + CH4 + C2H6 + C2H4 + C2H2 + CO (1)
The concentration levels used in this method are indicated in
figure 1, while the set out conditions for fault detection are
given in Table I.
B. Rodgers Ratio
This technique is dependent on gas ratio rather than the con-
centration levels. The major drawback is failure to cover the
diagnostic code range or boundaries [12], [13]. This method
identifies fault condition based on the following four gas
ratio: C2H2/C2H4, C2H6/CH4, C2H4/C2H6 and CH4/H2.
TABLE I
CONCENTRATION LEVELS IN PPM [12]
H2 CH4 C2H2 C2H4 C2H6 CO TDCG Condition
1 < 100 < 120 < 35 < 50 < 65 < 2500 < 720 Safe Operation
2 100 − 700 121 − 400 36 − 50 51 − 100 66 − 100 2500 − 4000 721 − 1920 Signs of Gas Activity
3 701 − 1800 401 − 1000 51 − 80 101 − 200 101 − 150 4001 − 10000 1921 − 4630 High level of Oil Contamination
4 > 1800 > 1000 > 80 > 200 > 150 > 10000 > 4630 Excessive Oil Contamination
Fig. 1. Fault interpretation according to IEEE C57.104-2008 [12]
Faults are assigned numeric code scheme based on scales of
the ratio. The composition of the ratio with the corresponding
codes is used to detect the fault condition [14]. When a
combination of codes is suitable to the code pattern on Rodgers
ratio table of fault types, then the fault diagnosis to that code
will be an indication of a particular fault. However, if the code
pattern falls out of the Rodgers ratio Table then a no indication
will be the result as in this case no fault identification is
provided. The gas ratio code ranges as well as the numeric
codes associated to the fault diagnosis are given in Tables II
and III, respectively.
TABLE II
RODGERS RATIO CODE RANGES [13]
Ratio < 0.1 0.1 −1 1 −3 > 3
R1 = CH4/H2 5 0 1 2
R2 = C2H6/CH4 0 0 1 1
R3 = C2H4/C2H6 0 0 1 2
R4 = C2H2/C2H4 0 1 1 2
C. IEC 60559 Method
This technique is very similar to the Rodgers ratio, and only
focus on three gas ratio with the omission of C2H6/CH4
ratio. The three ratio used in this method are compared to
the encoding scheme of the IEC 60599, which differ from the
Rodgers ratio codes, in order to identify or detect the incipient
faults. The IEC distinguishes six different types of faults
namely: PD, low energy discharge (D1), high energy discharge
TABLE III
NUMERIC CODE AND FAULT DIAGNOSIS− RODGERS RATIO METHOD [13]
Fault diagnosis R1 R2 R3 R4
Normal 0 0 0 0
Partial discharge 5 0 0 0
Overheating 150− 200oC 1/2 0 0 0
Overheating 150− 200oC 1/2 1 0 0
Overheating 150− 200oC 0 1 0 0
General Conductor Overheating 0 0 1 0
Winding Circulating Currents 1 0 1 0
Core and Tank Circulating Currents 1 0 2 0
Overheated Joints 1 0 2 0
Flashover without Power follow through 0 0 0 1
Partial Discharge with Tracking 5 0 0 1/2
Continuous Sparking to Floating Potential 0 0 2 2
Arc with Power Follow through 0 0 1/2 1/2
(D2), thermal fault (T1) (T < 300oC), thermal fault (T2)
(300oC < T < 700oC) and thermal fault (T3) (T > 700oC).
The IEC 60559 gas ratio Code ranges as well as the cor-
responding fault diagnosis are shown in Tables IV and V,
respectively.
TABLE IV
IEC 60559 GAS RATIO CODE RANGES [14]
Ratio < 0.1 0.1 −1 1 −3 > 3
R1 = C2H4/CH4 0 1 1 2
R2 = CH4/H2 1 0 2 2
R3 = C2H4/C2H6 0 0 1 2
TABLE V
NUMERIC CODE AND FAULT DIAGNOSIS [15]
Fault diagnosis R1 R2 R3
Normal 0 0 0
Partial discharge (Low Energy) 0 1 0
Partial discharge (High Energy) 1 1 0
Discharge of low energy 1/2 0 1/2
Discharge of high energy 1 0 2
Thermal Fault < 150oC 0 0 1
Thermal Fault 150− 300oC 0 2 0
Thermal Fault 300− 700oC 0 2 1
Thermal Fault > 700oC 0 2 2
D. Duval Triangle
This method consists of a plotted triangle representation
of three hydrocarbon gases (CH4, C2H4 and C2H2), with
their concentration levels expressed in relative proportion
percentage. The triangle shape consists of different types of
zones which are indicative of the fault location [14]- [16].
In order for the diagnosed fault to be plotted in the triangle,
the sum of the three gas concentrations must be calculated
and their relative proportion in percentage. The steps to be
followed for fault allocation in the triangle are as follows:
Step 1: Classify gas concentration as A, B and C in ppm.
Whereby A = CH4; B = C2H4 and C = C2H2
Step 2: Calculate the sum of the three gas accumulation in
ppm, Let S = CH4 + C2H4 + C2H2 = A + B + C
Step 3: Plotting of fault type in the triangle will be done
with gas relative proportion percentage values presented as
X , Y and Z. The relative percentage of the three gases is
calculated as follows:
X = %CH4 = (A/S) × 100
Y = %C2H4 = (A/S) × 100
Z = %C2H2 = (A/S) × 100
Step 4: When plotting X , Y and Z in the triangle, the point
where XY Z falls will identify the zone of fault location [2],
[17]- [19].
The triangle indicates six different types of fault zones,
namely: PD, thermal fault (T1 : T > 300oC), thermal fault
(T2 : 300
oC < T < 700oC), thermal Fault (T3 : T < 700C),
low energy discharge D1 (Sparking), high energy discharge
D2 (Arcing) and mix of thermal and electrical faults DT .
This is indicated in figure 2.
Fig. 2. Fault types classification in Duval Triangle [2]
III. METHODOLOGY
A 20/400 kV 795 MVA rated power transformer operating
in humidity area of a power plant was used for the purpose
of this work. Evaluation and analysis were conducted to
diagnose or detect the incipient faults and thus to monitor the
health status of the power transformer which was handling
critical load. The MLP class of ANN consisted of three
layers, namely input, hidden and output layers. The input
layer sends signals to the hidden layer which extract patterns
from the signal received and forward them to the output
layer through learning process or training of the parameters
[20], [21]. The MATLAB tool was sourced to perform
numerical modelling of historical data obtained from DGA
techniques in order to diagnose the incipient faults. Five
gas interpretation techniques were used for fault diagnosis.
Therefore, the Rodgers ratio codes for gas concentration
of H2, CH4, C2H6, C2H4 and C2H2 were used as input
variables while the fault types were treated as output targets.
The three operation stages of MLP system for transformer
fault diagnosis such as used were as follows [22], [23]:
Stage 1: Learning − The learning process will allow the
dataset to be analysed. The bias and weights are
calculated using the backpropagation algorithm until
the error of the network output is reduced or trained
towards a suitable value [24].
Stage 2: Activation − This stage refers to conversion
of input signals to output signals using a non-
linear function. This allows the network to,
learn and model complex relationships, evaluate
gradient of error in order through effectiveness
of backpropagation strategy. The recommended
and most used activation function is the Sigmoid
function and can be expressed as follows:
f(z) =
1




(wx + α) reduces gradient
complications during training phase and consists of
output ranges between 0 and 1 [25], [26].
Stage 3: Working − Fault diagnosis function uses testing
data from the power transformer’s target output for
calculation in order to obtain actual output of neural
network. The results of comprehensive analysis and
comparison are conducted through feedforward. The
backpropagation algorithm focusses on the super-
vised learning activity for modification (correction)
of connection weights to minimize the error (ej)
which is the difference between the actual output
(oj) of the network and the target output (tj) and
can be expressed as follows [26]:
ej = tj − oj (3)
The error function is defined as the accurate forecast measured
in order to estimate the performance of the comprehensive
approach used in this paper. The regression fit (R), the mean
square error (MSE) and the mean absolute percentage error
(MAPE) form the three performance criteria used for fault
diagnosis accuracy. The ten year dissolved gas concentration
levels are provided in Table VI.
TABLE VI
TEN YEAR DISSOLVED GAS CONCENTRATION IN PPM
Item H2 CH4 C2H6 C2H4 C2H2
1 58 70 130 5 0
2 41 83 180 5 0
3 56 178 290 85 0
4 0 16 43 12 0
5 12 24 54 17 0
6 5 27 34 36 0
7 12 30 34 21 0
8 7 21 25 18 0
9 7 34 35 16 0
10 6 39 56 17 0
1) Data Specification: The objective is to create, train and
test a MLP based neural network that can diagnose incipient
faults in a power transformer.
2) Input Data: For the input layer, dataset to MATLAB
modelling of feedforward with backpropagation were the
vectors of Rodgers ratio codes in ppm. These inputs will
reflect the representative of a defect in a transformer. The
diagnosis of transformer oil using ANN is calculated as
follows [25], [26] :
hHj = bj +
NI∑
i=1
wji · xi (4)
Whereby h is hidden layer input, i and j are different
neurons. H indicates hidden layer and NI is input vector. b
is a bias and w is the weight of input element or artificial
neuron [25].
The input dataset is a ten year period (2007 to 2017)
arranged in an Excel sheet which was imported into the
MATLAB program. For uniformity, all the sprouts faults have
been removed as they will have negative impact on the results
and prevent the ANN model to perform efficiently. From
samples obtained, 70% of the samples were for training data,
set by nntool for calculation of the gradient and adjustment on
weights and bias. 15% of the samples were for data validation
and measurement of the broadcast mapping of the network and
to minimize overfitting and underfitting during the process by
using the following equation:
∆wkj = −αδj · xi (5)
The remaining 15% samples were for test data, and gave an
independent and satisfactory performance measurement of







(li − ai)2 (6)
The error of approximate to zero is preferred. Hidden Layer
requires choosing the number of hidden layers and their
associated number of neurons for best learning rate and
better network performance. It contained a variable number
of neurons. The network was trained using the well-used and
recommended Levenberg-Marquardt algorithm in combination
in order to minimize the MSE, input data set were presented
at the input nodes with combustion gas quantities [20]. The
activation function for the hidden layer is the Sigmoid and
for the target output layer is linear transfer function. The
Levenberg-Marquardt algorithm is recommended because it is
the fastest method for training acceptable sized feedforward
neural networks. The bias has the effect of lowering or
increasing the input of activation function. Adjustments were
made until expected mapping target output was achieved. After
a number of repeated trials, the neural network was trained
and weights saved. The test set of data was presented to the
trained neural network for testing the network performance.
The result was recorded to verify the reliability of the ANN
model in terms of fault diagnosis [20], [22]. Four output
patterns to identify associated fault types and 25 hidden layers.
The experiment was executed through a repeated process to
optimise the number of hidden layers according to training
performance and linear prediction accuracy [22]. During re-
gression process, the neural network tried to match the outputs
with targets. The network was repeately trained while weights
were adjusted to reduce error between output and targets in
order to achieve a linear relationship between outputs and
inputs. If the regression (R)- value is closer to 1, it means
the relationship is linear, and if it is 0 then the relationship is
random [21]. The quality and performance of the combined
methods is determined by the forecast error, namely the MAPE
[27]. Higher forecast accuracy is determined by the less value







∣∣∣∣f (xi − yi)yi
∣∣∣∣ (7)
Whereby l is the size of training set, xi is the training data. yi
and f(xi) represents the actual and forecast values [28]- [30].
IV. RESULTS AND ANALYSIS
The R-value for training was 0.99947, for validation it was
0.99451 and for testing it was 099407. Therefore, there is a
close relationship between outputs and targets. The output and
target Plot Relationship is indicated in figure 3.
During performance validation, a MSE value close to 0
is better and acceptable as it is an indication of minimal
error in the network [31]. It is the average square difference
between output and target values over 186 epoch. These
graphical results are plotted in correspondence with training
iterations and give an analysis of training performance of the
neural network [15], [32]. The best validation performance is
0.054092 at 186 epochs as shown in figure 4 below.
Fault diagnosis performance is evaluated through compari-
son of actual results against forecast results. If the forecast is
closer to the actual results then the fault diagnosis model is
TABLE VII
OUTCOME RESULTS FOR FAULT DIAGNOSIS
Item Rodgers Ratio ANN Actual Fault
1 Overheating Overheating Overheating
2 Overheating Overheating Overheating
3 Partial discharge Partial discharge Partial discharge
4 Winding Circulating Current Winding Circulating Current Winding Circulating Current
5 Undefined Overheating Overheating
6 Partial discharge Partial discharge Partial discharge
7 Undefined Overheating Overheating
8 Undefined Partial discharge Partial discharge
9 Partial discharge Partial discharge Partial discharge
10 Overheating Overheating Overheating
Fig. 3. Output and Target Plot Relationship
Fig. 4. MSE Performance
accurate, efficient and reliable. The optimal value of MAPE
during performance validation stage is 0.0251, which is equiv-
alent to 2.51 %. It could also be observed that the Rodgers
ratio codes used in the MLP produce accurate diagnosis. This
is indicated in Table VII.
V. CONCLUSION
DGA techniques such as commonly applied in the diag-
nosis, detection or identification of incipient faults in power
transformers suffer a great deal of shortcomings. One amongst
others is the higher probability of misinterpretation and the
inability to cover the diagnostic code range when the Rodgers
ratio is used for the purpose. This work suggests that this
shortcoming can be improved if historical data, collected using
the Rodgers ratio, are analysed using MLP neural networks.
REFERENCES
[1] M.J. Heathcote, The J&P Transformer Book: A Practical Technology of
the Power Transformer, Ed. Burlington, MA: Newness, 13th ed., 2007,
pp.974, ISBN 978-075-0681-643.
[2] M. Duval, New techniques for dissolved gas in oil analysis, IEEE
Electrical Insulation Magazine, vol.19, no.2, pp. 6-15, 2003.
[3] L. Hamrick,Dissolved gas analysis for transformers, Niche Market
Analysis. www.netaworld.org/2009-2010.
[4] R. Pandey and M.T. Deshpande, Dissolved Gas Analysis (DGA) of
mineral oil used in transformers, International journal of application or
innovation in engineering and management, vol. 1, no.2, pp. 208-212,
october 2012.
[5] K.L. Butler-Purry and M. Bagriyanik, Identifying transformer incipient
events for maintaining distribution system reliability, 36th Proceedings
of the annual Hawaii international conference on system sciences
(HICSS), Hawaii, USA, 2003.
[6] ANSI/IEEE, C57.104-1991, Guide for the Interpretation of Gases
Generated in Oil Immersed Transformers, Institute of Electrical and
Electronic Engineers, Inc. New York, NY, 1994.
[7] M. Duval and J.J Dukarm, Improving the reliability of transformer Gas-
in-Oil Diagnosis, IEEE Electrical Insulation Magazine, vol. 21, no. 4,
pp. 21-27, July/August 2005.
[8] M. Duval, Dissolved gas analysis: It can save your transformer,
IEEE Electrical Insulation Magazine, vol.5, no.6, pp. 22-27, Novem-
ber/December 1989.
[9] V. Lakhiani, Transformer life management: condition assessment and
dissolved gas analysis, www.amazonaws.com/academia.edu.documents.
[10] B.D. Malpure and K. Baburao, Failure analysis & diagnostics of power
transformer using dielectric dissipation factor, International Conference
on Condition Monitoring and Diagnosis, Beijing, China, April 2008.
[11] EN 60599, Mineral oil-impregnated electrical equipment in service:
Guide to the interpretation of dissolved and free gases analysis. 2nd
ed. pp. 88, 1999.
[12] IEEE Standard C57.104-2008, IEEE Guide for the Interpretation of
Gases Generated in Oil-Immersed Transformers, Feb. 2009.
[13] W. Feilhauer and E. Handschin, Interpretation of dissolved gas analysis
using Dempster- Shafers Theory of Evidence, 9th International Confer-
ence on Probabilistic Methods Applied to Power Systems, June 11-15,
Stockholm, Sweden 2006.
[14] S.Singh and M.N. Bandyopadhyay, Dissolved gas analysis technique for
incipient fault diagnosis in power transformers: A bibliographic survey,
IEEE Electrical Insulation Magazine, vol. 26, no.6, pp.41-46 November-
December 2010.
[15] Rahul Pandey, M.T. Deshpande, Dissolved Gas Analysis (DGA) of
Mineral Oil used in Transformer, IJAIEM, vol. 1, no.2, October 2012.
[16] H. Suna, Y. Huanga and C. Huangb, A Review of Dissolved Gas Analysis
in Power Transformers, Energy Procedia 14 (2012), pp. 1220-1225,
2012.
[17] E. Narang and E. Shivanisehgal, Fault Detection Techniques for Mainte-
nance Using Dissolved gas Analysis, International Journal of Engineer-
ing Research& Technology (IJERT), vol. 1, no. 6, pp. 01-07, August
2012.
[18] DVSS. Sivasarma, GNS.Kalyani, ANN approach for Condition Mon-
itoring of Power Transformers using GA, IEEE Electrical Insulation
Magazine. 2002. pp. 12-25.
[19] S. S. M. Ghoneim and S. A. Ward, Dissolved Gas Analysis as a
Diagnostic Tools for Early Detection of Transformer Faults, Advances
in Electrical Engineering Systems (AEES), vol. 1, no. 3, 2012.
[20] B. Nemeth, C. Voros, R. Cselko, G. Gocsei, New Method for Improving
the Reliability Of Dissolved Gas Analysis, IEEE Conference on Elec-
trical Insulation and Dielectric Phenomena (CEIDP), Cancun, Mexico,
October, 2011.
[21] P. Patil and V. Ingle, A Comparative Study of Different Fault Diagnostic
Methods of Power Transformer Using Dissolved Gas Analysis, Inter-
nation Journal of Management IT and Engineering, vol. 2, no. 4, pp.
178-186, April, 2012.
[22] S. Karlsson, A review of lifetime assessment of transformers and the
use of dissolved gas analysis, Master Thesis written at KTH School of
Electrical Engineering, Sweden, 2006/2007.
[23] N.B. Karayiannis, A.N. Venetsanopoulos, Artificial neural networks:
learning algorithms, performance evaluation, and applications, The
Kluwer international series in engineering and computer science; SECS
0209.
[24] M. Hasani and F. Emami , Prediction of bead geometry in pulsed GMA
welding using back propagation neural network, Journal of Materials
Processing Technology, vol. 200, no. 1-3, 2008, pp. 300-305.
[25] Y.-C. Huang, C.-M. Huang, and H.-C. Sun, Data mining for oil-
insulated power transformers: an advanced literature survey, Wiley
Interdisciplinary Reviews: Data Mining and Knowledge Discovery, vol.
2, pp. 138-148, 2012.
[26] D. Graupe, Principles of Artificial Neural Networks, Singapore, Hack-
ensack, N. J.: World Scientific, 2007.
[27] S.A. Khan, M.D.Equbal and T. Islam, A comprehensive comparative
study of DGA based transformer fault diagnosis using fuzzy logic and
ANFIS models,” Dielectrics and Electrical Insulation, IEEE Transactions
on , vol.22, no.1, pp.590-596, Feb. 2015.
[28] S.W Wang, D.L Yu, JB Gomm, G.F Page and SS. Douglas, Adaptive
neural network model based predictive control for air fuel ratio of SI
engines. Eng Appl Artif Intel 19 (2006), pp. 189-200.
[29] C. Angeli and A. Chatzinikolaou, On-Line Fault Detection Technique for
Technical Systems: A Survey, International Journal of Computer Science
& Applications 1 (2004), pp. 12-30.
[30] M.P. Islam, T. Morimoto, Non-linear autoregressive neural network
approach for inside air temperature prediction of a pillar cooler,
International Journal of Green Energy, 14 (2017), pp. 141-149.
[31] J.M. Caswell, A Nonlinear Autoregressive Approach to Statistical Pre-
diction of Disturbance Storm Time Geomagnetic Fluctuations Using
Solar Data, Journal of Signal and Information Processing, 5 (2014),
pp. 42-53.
[32] A. Kaur, J. K Sharma, and S. Agrawal, Artificial neural networks in fore-
casting maximum and minimum relative humidity, International Journal
of Computer Science and Network Security, vol.11, no.5, pp.197-199,
May 2011.
